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Online learning has been widely adopted in higher education to reach students 
who typically would not have a chance to complete accredited courses (Kentnor, 2015). 
Massive open online courses (MOOC), which is a type of online learning, makes it easier 
for people to take university courses with internet access and a fraction of cost compared 
to traditional residential programs (Reich, 2020). MOOCs also become popular for those 
who want to increase their professional profile or advance their academic career (Pheatt, 
2017). However, online learning has long been criticized for its universally low 
completion rates, high dropout rate and poor learning performance (Almeda et al., 2018). 
This phenomenon is more exacerbated in MOOC environments. Historical studies have 
attempted to support learner self-regulated learning (SRL) activities in order to enhance 
completion rates and academic outcomes. Prior studies have conducted pre-course 




(Kizilcec et al., 2017, Kizilcec & Cohen, 2017; Kizilcec et al., 2020; Yeomans & Reich, 
2017). Yet, these one-time-only, short-term interventions only yield limited or no effects. 
This study implemented and evaluated the effectiveness of an alternative intervention, the 
self-regulated learning user interface (SRLUI), to support students' self-regulated 
learning (SRL) strategies in a MOOC environment. SRLUI is based on Zimmerman’s 
(2000) SRL model and develops learner’s SRL skills through longitudinal, recurring 
practice of multiple SRL dimensions activities (i.e., goal setting, self-evaluation, task 
planning, setting reminders) with content-specific information. The study utilized a 
randomized experimental design and implemented SRLUI in eight MOOCs with a total 
of 808 participants. The results indicated a higher usage rate of SRL support compared to 
the historical findings, which may be owing to the SRL support embedded into the 
learning activities throughout the course. Also, the study showed improved learning 
outcomes for a subgroup of participants, but there was no reduction in the number of 
dropouts.  
Based on the findings of this study, it is recommended that a personalized SRL 
tool featuring content-specific information should be embedded in online courses. The 
research design also recorded direct cognitive records of learners' SRL activities, which 
yield stronger validity compared to trace and survey data. The result suggested SRLUI 
might only benefit a subgroup of learners with passing grades. Thus, it is recommended 
that future research identify various subgroups of learner profiles in MOOC 
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I – INTRODUCTION 
Statement of the Problem 
The onset of the pandemic in the Spring of 2020 caused a global impact on 
education (Burgess & Sievertsen, 2020). All of a sudden, online became the only venue 
for teaching and learning. As a result, it has drawn the attention of multiple stakeholders; 
forcing not only researchers, teachers, and administrations, but also parents and students 
to consider the need to better support learning in online environments. However, online 
learning is not new in educational history, instead, online learning has persisted before, 
through, and after the pandemic for over 300 years. Prior to the digital era, distance 
education started with correspondence education back in the 18th century (Kentnor, 
2015). The initiatives of distance education were to offer opportunities for those who 
were under-represented or those who normally wouldn’t have access to traditional 
schools such as women and railroad and mine workers (Casey, 2008). Through the 
change of technologies, the medium for distance learning has evolved from parcels, radio 
shows, instructional television, computers to online learning (Liyanagunawardena et al., 
2013). Distance learning allows people to pursue vocational training or academic degrees 
without leaving their full-time job or moving from home (Arkorful & Abaidoo, 2015).  
Online learning has been widely adopted in higher education to increase access to 
higher education around the world in countries such as the U.S., China, India, and South 
Korea (Kumar et al., 2017). Starting from 2012, the Massive Open Online Course 
(MOOC) platform has opened a door for students to take university courses without 






register for a MOOC at a fraction of the cost for personal interest or advancing their 
academic or professional career (Pheatt, 2017). For example, one of the most successful 
MOOC programs was launched by Georgia Tech, which is also the first computer science 
master’s program entirely on a MOOC platform, Udacity (OMSCS, n.d.). The program 
has received over 25,000 applications and enrolled more than 10,000 students up to 2021 
(OMSCS). Up until now, boosted by the pandemic, total MOOC enrollments have 
reached 180 million students with 16,000 courses offered across 950 universities in 2020 
(Class Central, 2020).  
The large enrollment numbers in MOOCs have attracted widespread interest from 
educators and researchers for different reasons (Gardner & Brooks, 2018). The popular 
press and social media described MOOCs as having the potential to democratize 
education and as providing an economical alternative to higher education offerings 
(Shirky, 2013). Conversely, educators and researchers have expressed concerns about 
high dropout rates and information transmitted pedagogy with limited interactions on the 
MOOC platforms (Reich, 2020). Despite the concerns on the efficacy of MOOCs, 
MOOC enrollment numbers still continue to expand rapidly (Reich & Ruiperez-Valiente, 
2019). Various research has been conducted over the past decade to help identify 
pedagogical (Quintana & Tan, 2019), affective (Green et al., 2015), and motivational 
supports (Stein & Allione, 2014; Xu & Yang, 2016) for the wide range of students who 
choose to engage in MOOC learning environments.  
One area of active research in this field is the degree to which students’ self-
regulated learning (SRL) has been shown to be positively related to achievement in 






Kauffman, 2004). In accordance with this broader research base, SRL has also been 
identified as a critical skill to be successful in MOOC environments (Littlejohn et al., 
2016; Milligan et al., 2013). In the following section, a vignette (based on actual student 
responses in a MOOC) will present a common learning challenge in MOOCs, which 
illustrates why SRL could be helpful in supporting students therein.  
Hi, everyone. My name is Scott Rayner. (Pseudonym). I'm interested in 
this course as a means of furthering my professional development. I work 
as a lead architect at a small software company, and would like to be 
more capable especially as the field progresses into the future. 
I'm the father of two young boys under 4. Regrettably, this will probably 
reduce the amount of time I have available to spend on this course, but ces 
la vie. 
I'm hoping that this course will enable me to be more useful and 
productive for the people I build solutions for, and that I can finish the 
course work without sacrificing these precious years with my boys.  
 
Scott’s story exemplifies a major obstacle that most MOOC learners encounter: 
finding time to study while juggling between other life responsibilities and work 
commitments (Kizilcec & Halawa, 2015). When free and open-source technologies 
provide thousands of accredited online courses, learning does not magically happen. 
Instead, Zimmerman’s SRL theory (2000) claims that a learner has to be engaged, 
persistent, and able to identify learning resources and regulate their learnings to be able to 
achieve his or her learning goals. Scott would potentially benefit from having tools in 
place to help him set goals, track his progress, and engage in other reflective practices. 
This anecdote encapsulates the overall challenges of using MOOCs as a vehicle to 
enhance one’s professional education. It also points out the need for various supports and 






Rationale of the Current study 
Previous literature provides a theoretical basis to understand the potential 
affordance of SRL in learning persistence, motivation and learning performance 
(Azevedo & Hadwin, 2005; Newman, 2002; Perry & Winne, 2006). However, there is 
not sufficient empirical evidence to support whether and how SRL interventions can lead 
to more effective learning in MOOC environments. Another challenge of reviewing and 
comparing MOOC-based research is that MOOCs attract a wide range of learners with 
various backgrounds, characteristics, and motivations to register in a course. When 
coupled with diverse platform setups, pedagogies, and learner experiences, it complicates 
MOOC data collection, analysis, and interpretation. 
For example, past experimental studies have used relatively brief pre-course 
interventions to prime students’ self-regulation (Kizilcec et al., 2017a; Reich, 2014) to 
increase student’s completion rate. These studies featured inexpensive installments and 
short-time interventions; however, they also showed limited effects when replicated with 
more participants (Kizilcec, 2020). Given the gap in the literature, more experimental 
research is needed to explore the educational affordance of self-regulated learning tools 
in MOOCs. 
Applying with a personalized, longitudinal self-regulated learning interface 
(SRLUI), this study examined how learners interact with tools designed to support 
learners’ SRL activities. This study proceeded with an assumption that learners might not 
participate in SRL activities which did not count towards the grades in an online 
environment. The historical data also suggested that learners’ compliance rates with SRL 






here was what kind of instructional design of SRL artifacts can better support learners? 
The design of the treatment group provided learners opportunities to engage in SRL 
activities aligned with a full cycle of Zimmerman’s (2000) SRL model from goal setting, 
task planning to self-reflection. In contrast, the control group followed with conventional, 
non-interactive SRL supports in a MOOC platform. Therefore, the first research question 
is to explore students’ usage of SRLUI. 
RQ1: Do learners interact with tools (SRLUI) that are designed to support their 
self-regulated learning strategies? If so, how do learners use SRLUI? 
In the next step, this study explored the effectiveness of access to SRLUI on 
learner persistence and learning outcomes. The research questions are:  
RQ2: To what extent does the usage of SRLUI have an effect on learner  
persistence?  
RQ3: To what extent does the usage of SRLUI have an effect on learning  
outcomes? 
To answer the first research question, a variety of descriptive techniques were 
applied to understand students’ participation in SRLUI. Additionally, a hierarchical 
analysis with heatmap was used to visualize learner behavioral data to reveal any 
potential patterns or subgroups of learners in conjunction with their usage of SRLUI.  
Survival analysis and multi-level regression were used to model the key 
relationships between access to SRLUI and the learning outcomes for 2nd and 3rd 







Summary of Chapters and Following Structure 
  This thesis is presented in five chapters. Chapter I provides an overview of the 
research background, the problem statement, and research questions. It also provides a 
roadmap of this dissertation and summarizes the findings. Chapter II is a targeted review 
of pertinent literature, which provides the conceptual foundations for the research design 
and the analysis of self-regulated learning (SRL) for this study. There are extensive SRL 
theory overviews and a discussion of best practices in support of SRL development and 
challenges in measuring SRL behaviors. An in-depth analysis of several SRL 
implications in MOOCs emerges the opportunities and unanswered questions for future 
studies to fulfill. Chapter III describes the research design and the quantitative models 
employed in this study. Relevant research studies are also provided to justify the 
decision-making process in choosing certain methods. Chapter IV reports the results of 
the analysis. It begins with a preliminary description of the sample and addresses the 
questions in sequential order. This study applies quantitative methods in analyzing three 
research questions, with some descriptive analysis of learner’s behaviors on using SRLUI 
for the sub-questions under RQ1. Chapter V provides extensive discussions of the results, 
implications, limitations, and suggestions for future, related studies.  
This study presents an opportunity to design and implement an SRL artifact in 
support of learners’ SRL activities on a MOOC platform. Additionally, this study 
provides empirical evidence that learners are willing to use SRL tools and such tools 







Definitions of Terms 
● MOOC: Massive Open Online Course is an online course with unlimited 
enrollment and open access via the internet.  
● credential-based MOOCs: It is a type of MOOC providing a certificate for a 
learner as proof for completion. Usually, it requires learners to complete a set of 
graded assessments, achieve a certain level of grades, and complete identity 
verification.  
● Instructor-paced MOOC: It describes a type of MOOC with a specific course 
start and end dates. In this study, all data were collected from instructor-paced 
MOOCs.  
● Self-Regulated Learning: A series of actions directed to acquire information or 
skill which include but are not limited to goal setting, environmental structuring, 
self-rewarding or self-punishment, and self-evaluation.  
● User interface: It refers to the web pages in which learners interact on a MOOC 
platform. 
● Trace data: A learner’s log data on the learning management system. The log 
data includes but is not limited to timestamps, duration, and the pages learners 
visit on the course, and the pages a learner clicks on.  
● Learner persistence: It describes a range of times a learner remains active during 
a course period. For example, a MOOC opens for a total of 14 weeks, which is 98 
days. Thus, learner persistence could range from 1 - 98 days.  
● Learner dropout: In general, it occurs when a learner leaves a course before a 






final proctored exam in order to earn a certificate, learners who leave the course 







II – LITERATURE REVIEW 
Chapter Overview 
Online learning, once heralded as the great democratizer of education, has long 
been criticized for its low completion rates (Reich, 2020). This study aims to combat 
some of the issues with online learning through a newly designed self-regulated learning 
(SRL) tool, particularly in massive open online course (MOOC) settings. In this section, I 
will provide a background overview of online learning prior to the COVID outbreak, 
which took place in March of 2020 and impacted higher education universally. I will also 
review the development of massive open online courses (MOOCs) and how they 
branched off from online learning. I will further discuss research trends and issues from 
the literature on self-regulated learning. Later, I will propose future research based on the 
guidance and recommendations of SRL theories and SRL empirical research findings.   
History of Online Learning  
Online learning which was also known as distant learning, can be traced back to 
the 1800s when students would receive course materials by mail (Spector et al., 2014). 
As production, distribution, and communication technologies evolved, the methods of 
distance learning changed in concert (Nipper, 1989). This systematic change in distance 
learning modalities can be broadly categorized into three phases: correspondence, during 
which most learning was done asynchronously via mail; multimedia, during which 
multiple modes of communication such as radio, television, and film were used to deliver 






home computers allowed for synchronous and asynchronous delivery of content and 
communication (Sumner, 2000).  
The transition to new dominant phases of distance learning did not completely 
stop the modalities of the previous phases, however. For example, mail-based 
correspondence courses persisted into the late 20th century, and universities often employ 
distance education methods that blend aspects of all three phases (Harting & Erthal, 
2005).  That being said, the current phase of distance learning is dominated by computer-
based online learning, and continues to change as more powerful computers and high-
speed internet access become more ubiquitous (Casey, 2008).  
Online Learning Development  
Online learning started to emerge in the1980s at the Western Behavioral Sciences 
Institute in La Jolla, California, where they began delivering executive business programs 
through computer conferencing (Harasim, 1993). Ever since, online education has been a 
growing segment of higher education. For example, the University of Phoenix began 
offering degree programs entirely online in 1989. Columbia University in the city of New 
York established its fully online Engineering School for graduate-level programs in 1986 
(Columbia Video Network, n.d.). New York University, Western Governors University, 
and California Virtual University were established in 1998 (Miller et al., 2013). With the 
continuous growth of online education, 35% of students (at both the undergraduate and 
graduate levels) took at least one distance learning class in the fall of 2018 (National 
Center for Education Statistics, 2019), and 16.3% of students (3.2 million students) 






Online learning has been widely adopted because it offers learning opportunities 
without geographic limits or constraints regarding the timely completion of course 
materials (Ally, 2008). This is especially suitable for learners who have full-time jobs, 
family responsibilities, or other social obligations (Simmons, 2002). Online education 
also allows teachers to reach more learners, resulting in economic savings for both 
schools and students (Aksal, 2009). However, students in online programs are reported to 
have lower grades and higher dropout rates than their cohorts in the residential programs 
(Almeda et al., 2018). This could be resulted from learning challenges such as students 
feeling isolated or less connected with their cohorts (Carr, 2000; Russo, 2005). The 
online learning challenges will be further discussed in a later section. The following 
section will discuss the learning theories, pedagogies, and the social aspects of online 
learning.   
Online Learning Theory  
Professor Ally from the University of Athabasca University, the Open University 
in Canada, once defined online learning as: 
[t]he use of the Internet to access learning materials; to interact 
with the content, instructor, and other learners; and to obtain 
support during the learning process, in order to acquire knowledge, 
to construct personal meaning, and to grow from the learning 
experience. (Ally, 2002, p. 7.) 
 
In terms of the epistemology of online learning, Ally (2004) argues that online 
learning is influenced by three schools of thought: behaviorist, cognitivist, and 






cognitivist strategies influence the design process, and constructivist strategies inform the 
learning activities design.  
In addition, designers of online learning often refer to Mayer’s (2005) multimedia 
learning theory, which is originally focusing on effective web-based multimedia learning 
design. Heavily influenced by cognitive learning theory, Mayer investigates how to build 
appropriate mental representations to avoid cognitive overload. Mayer, Dow, and Mayer 
(2003) further develop three principles: the modality principle, the interactivity principle, 
and the self-explanation principle to better organize and deliver learning through texts, 
videos, photos, illustrations, and animations. Consequently, Mayer’s multimedia learning 
theories become fundamental design principles for online learning (Ayres, 2015).  
Online Learning and the Social Dynamic  
Online learning also considers learning with peers. Garrison, Anderson, and 
Archer (2001) argue that online discussion is an important component of online learning 
experiences because knowledge-building occurs in a community through discourse 
(Scardamalia & Bereiter, 1996). Thus, online learning pedagogy relies on supporting 
classroom dialogue (Laurillard, 2002). Meyer (2002, 2003) claims that the socio-
cognitive dynamics of online discourse not only help learners gain a thorough 
understanding of the content itself but that they also help students acquire critical 
thinking and inquiry skills. However, later empirical research reports that providing a 
discussion forum could not guarantee effective learning (Guo et al., 2014; Meyer, 2003; 
Smith, Ferguson & Caris, 2001). Through their research on professional development for 
teachers, Guo and his colleagues (2014) conclude that instructional feedback (i.e., asking 






discussion) positively enhances learners’ cognitive engagement. An et al.’s (2009) study 
on instructors’ participation in discussion forums suggests that students rarely voluntarily 
participate in any given discussion forum. When students are required to participate and 
respond to others' posts in the discussion forum, engagement does not rise above the 
minimum required posts. Contrary to intuition, this study finds that minimal instructor 
participation could allow students to express their opinion more freely (An et al.).  
Taking these studies into consideration, we can conclude that the formation of an 
online learning community does not happen spontaneously or naturally, but can only 
arise through purposeful instructional design and facilitation from instructors (i.e., 
providing feedback). A well-designed online learning environment and a well-trained 
faculty are key to building a collaborative and effective online learning community.  
Online Learning Technology Development and Delivery 
An online learning program's design varies depending on the learning 
environment, target audience, learning objectives, and accessibility of the course. In 
terms of learning sequence and time constraints, online courses could be categorized as 
self-paced or instructor-paced (Moore et al., 2010). Most online courses offered by the 
residential programs are instructor-paced, which means instructors decide the learning 
sequence and pace for all learners; while a self-paced course has more flexibility for 
learner to decide when to start (Rhode, 2009).  
In terms of the learning environments, there are various platforms such as 
learning management system (LMS), course management system (CMS), virtual learning 
environment (VLE) and knowledge management system (KMS) (Khan, 2001; Nichols, 






(Asunka, 2008; Zhang & Kenny, 2010). Since 2012, LMS has been widely deployed in 
higher education for the residential programs or fully online programs (Reich, 2020). As 
for massive open online course (MOOC) providers such as Coursera, edX and Udacity, 
they utilize LMS to arrange and deliver courses. The next section will discuss MOOCs 
background and how it was developed in the first place.  
MOOC Overview 
In 2011, Stanford University offered three open online courses with the intent to 
democratize education by delivering free education to the public. Up until then, online 
classes maintained a traditional teacher to student ratio which limited the medium’s 
potential for scalability. Stanford’s public online courses became a huge success, with 
each course attracting more than 100,000 learners. This marked the first offering of 
public and scalable instructor-directed Massive Open Online Courses (MOOC) (Ng & 
Widom, 2014). These three courses were a Databases (DB) class, taught by Professor 
Jennifer Widom, the Chair of Computer Science Department at Stanford School of 
Engineering; a Machine learning (ML) course taught by Professor Andrew Ng, and an 
Artificial Intelligence (AI) course offered by Professors Sebastian Thrun and Peter 
Norvig. The first two courses were delivered on a platform developed by Professor Ng 
and his students, which later became known as Coursera. The AI course was taught on 
Udacity which was created by professor Thrun and is still operating today.  
These three Stanford MOOCs, which were referenced as DB-, ML- and AI-
courses, had a significant impact on the development of MOOCs. These courses featured 
short clips, fast-forward playback, auto-graded programming, and a discussion forum 






the ML and DB courses adopted a “mastery learning” approach which allowed students 
to have multiple attempts to do their assignments until they got it right. Upon completion 
of the course, students would receive “Statements of Accomplishment” issued by 
Stanford University (Ng & Widom, 2014). Although these courses captured the world’s 
attention in 2011, it seemed that neither Ng, Thrun nor Widom were aware of the concept 
of MOOCs, nor “connectivist MOOCs” (cMOOCs), which was initiated by Professor 
George Siemens and Stephen Downes (Siemens, 2005). Consequently, a new term 
xMOOC has been proposed to distinguish them from cMOOCs (Ng & Widom, 2014). 
MOOC Learning Theory 
The majority of modern MOOCs aim to deliver highly scalable and accessible 
education. Influenced by Professor Daphne Koller and John Mitchell, who promoted 
“flipped classrooms” to better engage on-campus students, many MOOC platforms offer 
similar setups like short videos, fast-forward playback, subtitles, in-video quizzes, 
multiple-choice quizzes, auto-graded programming assignments, and discussion forums 
(Ng & Widom, 2014; Reich, 2020).  
In terms of pedagogical design, most MOOCs adopt a student-content interaction 
framework (Miyazou & Anderson, 2013) where there is little teacher-student or student-
student interaction. Ultimately, students in MOOCs are expected to learn by watching 
instructional videos and taking machine-graded assessments. This concept of learning 
through observation and repetitive action is advocated by schools of behaviorist thought 
such as those initiated by Skinner (1974). However, this model has been criticized for its 
failure to consider how emotional and psychological factors can influence learning 






  Traditional classrooms are highly conducive to group activities since teachers and 
students can have in-person interaction and feedback. In contrast, the majority of learning 
activities in MOOCs are designed to be completed individually. This is caused by two 
main factors: the functionality of MOOC platforms and grading rubrics. In a MOOC 
setting, group projects are challenging to administer given the high dropout rate. In 
addition, grading becomes complicated because it is hard for instructors to evaluate 
individual student’s efforts and contributions to a group project. The constraints of an 
entirely online learning environment often push course designers to convert the majority 
of learning assessments and projects in MOOCs into individual work for students to 
complete by themselves.  
  After this overview of the history and learning theory behind MOOCs, the 
following section will illustrate the educational challenges presented by MOOCs, as 
identified in prior literature.   
MOOC Learning Challenges 
Due to the massive number of enrollments, the lack of instructional presence, and 
the lack of personal feedback, students in MOOCs often struggle (Al-Freih, 2017), 
leading to large numbers of students dropping out (Hew & Cheung, 2014). In addition, 
allocating time for study is a challenge due to work or life responsibilities that may take 
priority (Kizilcec & Halawa, 2015). Research also suggests that high dropout rates in 
MOOCs are caused by a lack of self-efficacy, self-regulation, and self-motivation 
(Daniel, 2012; Koller et al., 2013, Lewin, 2013). Yousef (2014) proposes that learning 






about their progress and promote self-awareness, self-confidence, and self-reflection in 
the MOOC environment.  
According to a 2019 Class Central report, MOOCs have attracted over 110 
million enrollments in more than 135,000 courses, including courses for 820 Micro-
credential programs and 50 MOOC-based degrees (Shah, 2019, December). Despite this 
rapid expansion, many educators and researchers are skeptical of the effectiveness of 
MOOCs for the following reasons:  
High dropout rate. The overall dropout rate for MOOCs was up to 90% or more 
(Cagiltary et al., 2020; McAuley et al., 2010). Completing a MOOC requires a learner to 
be highly motivated and disciplined, making time to study and complete assignments in 
an environment with little supervision and no real consequences. Learners often have to 
juggle work or personal responsibilities, which adds to the challenges of completing the 
course (Pheatt, 2017).  
Lack of personalized feedback. Support via personalized feedback is often 
desired by students because it provides specific solutions to learners’ questions and 
improves their comprehension (Saunders, 2018). However, due to the “massive” nature 
of enrollment in MOOCs, there is usually a highly unbalanced ratio of students to 
instructors and staff, making it difficult or impossible to provide personalized, 
synchronous feedback to students (Daradoumis et al., 2013; Yousef et al., 2014). 
Administratively, course staff use text-based discussion forums to address students en 
masse to manage the large volume of inquiries, and they may not be able to engage in 






Limited collaboration and social interaction with peers. Unlike traditional 
classrooms that rely on live dialogues between teachers and students, MOOCs operate 
primarily through text-based discussion forums (Onah, Sinclair & Boyatt, 2014). 
However, since students are not required to participate in the forums, only a small portion 
of students post questions, share learning tips, or answer other students’ questions. The 
high attrition rates further decrease the pool of learners who might participate in the 
forums. With the open enrollment format, students can start the coursework at different 
times, making it harder for learners at different stages to engage in dynamic and 
spontaneous conversations with each other. Additionally, graded assessments are usually 
designed as individual tasks, which further limits opportunities for peer interaction and 
collaboration (Gamage, Fernando, & Perera, 2015).  
One-way delivery of information. A MOOC usually features a guided 
curriculum with pre-recorded video lectures as the main learning task. Koedinger et al. 
(2015) argue that passive learning by watching lecture videos or reading texts could be 
the reason resulting in students dropping out. Particularly, when students have a question 
during a lecture, they do not have the means to ask questions or engage in a synchronous 
and spontaneous discussion like in a traditional classroom. Instead, a learner must simply 
watch the video repeatedly, hoping they can eventually figure out the concepts. 
Alternatively, students may reach out on the discussion forum to have their questions 
addressed. However, the response to their question may not be posted for another couple 






Learner Characteristics and Psychological Challenges  
Learner characteristics, such as a student’s demographics, prerequisite 
knowledge, motivations, and other psychological characteristics, are found to be 
associated with MOOC learning outcomes (Chen et al., 2020; DeBoer et al., 2013; 
Gardener & Brooks, 2018; Kizilcec & Halawa, 2015). The following section will discuss 
two major challenges that are influenced by learners’ characteristics: lack of prior 
knowledge and lack of study time.  
Lack of prior knowledge. Lack of prior knowledge contributes to higher attrition 
rates and is found to be negatively associated with learners’ grades in MOOCs (Coffrin et 
al., 2014; DeBoer et al., 2013; Gardener and Brooks, 2018; Kizilcec & Halawa, 2015). 
Unlike traditional school systems where there are admissions reviews to ensure admitted 
students have reached a certain academic threshold, MOOCs are open to anyone who has 
internet access (Pheatt, 2017). Although MOOCs present an opportunity for everyone to 
learn, learners who do not have the prerequisite knowledge often show a lower 
comprehension of the materials (Bransford & Johnson, 1972). That disadvantage, 
coupled with the scarcity of learning resources in MOOCs, makes it more difficult for 
learners to keep up with the course’s pace. This often leads students to feel demotivated, 
and eventually dropping out (Chen et al., 2020).  
Lack of time for study. Having no time to study is reported as a major hurdle for 
learners in MOOCs (Kizilcec & Halawa, 2015). Kizilcec & Halawa (2015) infer that 
learners who report not having enough time are hindered by “low volitional control”  
(p. 65). Terras and Ramsay (2014, 2015) also discuss the temporal experience of online 






online learning lies in one’s perception of the difference between how physical 
(objective) time is spent versus how psychological (subjective) time is perceived (Terras 
& Ramsay, 2014). For example, “Not having enough time” could be a result of 
underestimating or overestimating the time required for a task. Another time management 
issue lies in the relationship between time and memory, namely “how long an event is 
perceived as lasting” (Terras & Ramsay, 2014, p. 111). In other words, “I don’t have time 
for studying” could be an excuse much like the common excuse “I don’t have time for 
gyms.”  
Teras and Ramsay (2014) also argue that if a learner believes they do not have 
time to study, it could be due to an actual physical time limitation or due to a learner’s 
warped perception of their own schedule. The actual problem could be that the learner 
struggles with scheduling or tackling coursework efficiently, which results in them 
thinking, “I don’t have time for studying.”  
In summary, time management has been reported as a major learning challenge in 
MOOCs. Particularly, it could be resulting from a student’s inability to complete tasks 
efficiently or a student’s inability to accurately estimate the time they need to study.  
 When this issue is coupled with the “massive” nature of student enrollment, 
disproportionate student to faculty ratio, a low barrier-to-entry open enrollment option, 
and the diversity of learner backgrounds, that leaves a lot of responsibilities for learners. 
The nature of these challenges suggests that more learning support is needed to increase 







Given the aforementioned learning challenges presented by MOOCs, learners 
have to be highly autonomous and exercise self-regulated learning strategies to achieve 
their learning goals. A self-regulated learner is a person who actively sets goals, stays 
motivated, and wisely manages their intellectual capacity as well as their 
mental/emotional health (Pintrich, 2000; Zimmerman, 2002). Zimmerman (2000) 
hypothesizes self-regulated learning (SRL) as a cyclical model in which learners attain 
their learning goals by repeating three phases of learning: forethought, performance, and 
self-reflection. In the forethought phase, a learner sets learning goals and conducts 
strategic planning. In the performance phase, a learner utilizes time management, help-
seeking, and environmental structuring to execute learning tasks. In the self-reflection 
phase, a learner processes their performance and adjusts their strategies in order to attain 
the learning goals.  
Zimmerman conducts several empirical studies to inspect self-regulatory 
development processes and the validity of the cyclical phase model in the context of 
academic training (Kitsantas, Zimmerman & Cleary, 2000) and athletic skills 
(Zimmerman & Kitsantas, 2002). These studies yield the following conclusions: 1. Goal 
setting is key to goal attainment 2. SRL is more than a concept or attitude, it is a set of 
“mentally and physically demanding activities” (Zimmerman, 2013, p141) which require 
time and guidance to develop. 3. SRL training is more effective when the three phases are 
taught all together, instead of focusing on one or two parts of the SRL model at a time. 4. 






environments to scaffold SRL development and allow learners to receive immediate 
feedback.  
  Recent experimental studies have found that MOOC learning performance is 
positively associated with a student’s SRL skills. (Al-Freih, 2017; Kizilcec et al., 2016; 
Reich, 2014). A considerable amount of studies have explored SRL applications and their 
influence on learning outcomes in MOOCs (Jansen et al., 2020). Many researchers have 
attempted to design interventions around SRL application in MOOCs; however, not many 
of them produce significant results (Borrella et al., 2019; Davis et al., 2018; Kizilcec et 
al., 2016). The following section explores a few well-cited SRL applications in MOOCs 
and discusses any potential opportunities and concerns yet to be addressed.  
Examples of SRL Applications in MOOCs  
Kizilcec, Perez-Sanagustin and Maldonado (2017b) conduct an observational 
study using a pre-course survey to investigate learners’ SRL strategies associated with 
their learning behaviors, outcomes, and characteristics. Using correlation analysis and 
logistic regression, the study suggests students who achieve their learning goals are much 
more likely to employ goal-setting strategies (Kizilcec et al., 2017b).  
Following the recommendations of Kizilcec et al. (2017b), a few research studies 
also explore the effect of SRL intervention on goal setting. Yeomans and Reich (2017) 
utilize a pre-course survey to prompt learners to set goals and explore its effect on learner 
completion rates and the number of certificates purchased. Their results suggest long-
term goal planning could increase completion rates; although this positive association is 
most apparent with a subgroup of students those who are affiliated with schools. 






learners to consider values generated by completing the course. The study is a 
randomized experiment and the value affirmation process is found to improve grades, 
persistence, and completion rates among a very specific subgroup of learners - lower 
class men (Kizilcec et al., 2017a).  
Kizilcec et al. (2020) later replicate and scale up their prior MOOC studies 
focusing on long-term planning and value-relevance affirmation. However, there are no 
significant findings in either the long-term planning or the value-relevance interventions. 
They conclude that the effects of one-time SRL interventions in MOOCs are short-lived, 
and continuous support is needed to facilitate behavioral change. They also suggest that 
future research should consider integrating content-specific information in the artifact 
(Kizilcec et al., 2020). 
The aforementioned studies (Kizilcec et al., 2017a; Kizilcec et al., 2020; 
Yeomans and Reich, 2017) implement randomized experimental designs to explore SRL 
applications in MOOC learning. There are three important things to note about the design 
of these studies: First of all, these studies only focus on promoting one SRL strategy, 
such as goal setting or value-affirmation, instead of incorporating the entire SRL process. 
Secondly, all the interventions are one-time, short treatment interventions (10-15 
minutes). And finally, they all use self-report surveys to make inference of students’ SRL 
abilities or their usage of SRL activities in the course.  
When reviewing the design of the studies mentioned above, it is clear they do not 
take into account the findings from previous experimental studies and SRL models. The 
SRL models from Zimmerman (2000), Pintrich (1999), and Winne and Hadwin (1998) all 






metacognitive, and behavioral domains. When Zimmerman and his colleagues design 
experimental research to verify his theory (Kitsantas, Zimmerman & Cleary, 2000), they 
find that learners receiving all three of the cyclical phases of SRL training are able to be 
more adaptive than those who receive partial phase training. Specifically, Zimmerman 
(2000) argues SRL skills require time and facilitation to be developed if they are to 
become a useful tool for students. This could be the reason why the replicated and scaled 
SRL application interventions (Kizilcec et al., 2020) do not produce any significant 
findings.  
Additionally, self-reported surveys have been criticized for being an inaccurate 
way of recording a learner’s actual SRL behaviors. Winne (2013) further warns that 
surveys and interventions around SRL strategies are often unreliable because SRL is 
more than a static aptitude, motivation, or perception. He emphasizes that learners have 
the agency to control and change their actions; thus, it is not sufficient to use historical 
behavior to predict a learner’s future behavior in terms of exercising SRL strategies 
(Winne, 2013). Winne (2017) proposes analyzing learner trace data (or clickstreams) to 
measure SRL activities. However, there are still challenges regarding the interpretation of 
these ambient data on how learners acquire and process learning content (Winne et al., 
2019). Specifically, Winne and his colleagues (2019) created nStudy, which is a web-
based software, to gather learner’s data on their cognition, metacognition, and motivation 
processes; as it also could support learner’s ongoing self-regulated learning behaviors.  
Following the same trend of thought, Jansen et al. (2020) conduct an experimental 
study using instructional videos to educate learners on the concepts of SRL and surveyed 






her colleagues (2020) utilize both trace data and survey responses to analyze learners' 
SRL abilities change and course completion. Compared to prior SRL studies which 
treated SRL as behavioral science, using one-time-only, short-term intervention, the 
design of Jansen et al.’s  (2020) study provides more comprehensive SRL supports 
interventions. However, due to a high dropout rate, that leaves only a small amount of 
learners interacting with the artifacts, the results show a trend of increase in the 
completion rate, but no improvement is found in learners’ SRL skills (Jansen et al., 
2020). This study has a high ecological validity, since it integrated the SRL supports 
within the course in a MOOC environment (Jansen et al., 2020). However, this study 
leaves more questions that need to be answered, such as how to go about improving 
learner compliance rates, and whether SRL interventions affect learning in any other 
ways. Additionally, Jansen et al. (2020) also raise concerns that trace data don’t provide 
clear and direct evidence on how learners process content which leaves a design 
challenge on how to capture learner’s SRL activities.  
The prior research findings inform this study to consider developing SRL support 
in the full cycle of SRL phases instead of partial support. In addition, to achieve high 
ecological validity, a SRL intervention should be embedded in the course with content 
related features.   
Measures of Learner Behavior and Persistence   
Categorizing learners into subgroups of learning profiles. Several MOOC 
studies attempt to explore salient engagement patterns and categorize learners into 
subgroups to better understand the learning dynamics among the diverse student profiles 






frequency of video views, participation in the discussion forum, and quiz attempts to 
analyze learners’ behavior patterns. They sort students into four groups, which are gamer 
students1, perfect students, social students, and dropouts. The overall goal of the study is 
to improve student engagement so that learners would watch all the lecture videos and 
complete assignments as “perfect students” instead of “gamers” (Khalil & Ebner). It is 
worth noting that the course included in the study is a credit-bearing MOOC designed to 
be a required course for the students to fulfill their curriculum requirements at Graz 
University.  
Cluster analysis is a common approach in multiple disciplines that allows 
researchers to categorize subjects based on their shared traits (Bowers, 2010b; 
Romesburg, 1984). The biggest challenge in employing cluster analysis is that different 
clustering methods can result in different numbers of clusters. In structured cluster 
analysis, researchers usually make certain assumptions about the character of the groups, 
while in unstructured cluster analysis, the groups are determined by the structure of the 
data itself (Bowers, 2007).  
Particularly, hierarchical cluster analysis (HCA) is a type of unstructured cluster 
analysis that enables researchers to explore complex data matrices from a bottom-up 
approach. Hierarchical cluster analysis (HCA) could be valuable in studying novel topics 
and providing descriptive analysis of underlying patterns (Hawn, 2019). For example, 
Jorion et al. (2020) use HCA to analyze a complex and multidimensional dataset on 
gaming behaviors based on log data captured through touch events. The study collects 
data from a museum exhibit, Oztoc, which is a collaborative, interactive game table 
 
1 Gamers are students who skipped lecture videos and only completed assignments. They are  students who 






allowing up to 4 players at a time. Their results identify three groups of gaming 
behaviors. When combined with heatmap visualization, they are able to graph individual 
player trajectories and their associated outcomes (i.e. the number of circuits completed or 
numbers of players) (Jorion et al., 2020). In this study, in order to explore how learners 
interact with the artifact, this study also applied HCA to understand student-level learning 
activities, and report learner’s interaction with SRLUI based on the clustering results.  
Visualizing learner data. Combining HCA with heatmap visualization is a 
powerful way of displaying patterns and associated outcomes within and across 
individual cases at a granular level (Bower, 2010; Jorion et al., 2020; Lee et al., 2016). 
Below are two examples of HCA analysis with heatmap visualization. Figure 2.1 is a 
template with an explanation of relevant indices, and Figure 2.2 is a partial image of a 
clustergram showing the longitudinal summary of learners’ online learning behaviors.  
There is another study attempting to visualize learner behaviors in MOOCs. Coffrin et al. 
(2014) conduct an exploratory analysis and create a state transition diagram, using 
HTML and D3, to indicate learners’ entry point, exit point, and transitions between tasks 












Figure 2.1. Clustergram Template 
(permission is acquired from the author to display the figure)   
Learners are listed in rows and each block represents a subject from Kindergarten to K12. 
Each block is color-coded, and standardized using z-score. If the grade is on average, the 
block is grey. Dark red represents the highest grade and dark blue is the lowest. On the 
right-side of the chart are annotations, which show associated learning outcomes such as 
dropout or earning passing grades. In annotation, black color means “Yes”, and white 









Figure 2.2. Hierarchical Analysis and Heatmap on Students’ Behavior Data 
(permission is acquired from the author to display the figure)   
This figure showcased a section of the clustergram using longitudinal semester-long data 
to analyze students’ behavior in the LMS system (for full image: goo.gl/Y7VFHJ). There 
are a total of 3 clusters of learner behaviors identified based on nine indices: number of 
views in attachment, wiki, discussion forum, announcements, syllabus, grades, 
assignments, participation in the discussion forum, and assignments.  






The limitation of the state transition diagram is that the visualization is based on 
an aggregated result, so it is not easy to discern an individual student’s learning 
trajectory. In addition, one figure is only allowed to show one subgroup at a time. To 
compare multiple subgroups’ learning behavior patterns, one has to generate multiple 
figures, which is not efficient or effective for comparison.  
 
Figure 2.3. State Transition Diagrams 
(permission is acquired from the author to display the figure)   
The vertical lines represent the number of students accessing the content modules (on top 
of the circle) or leaving the course (below the circle). The upper curved lines represent 
learners' moving onto the next part of the content; the lower curved lines represent 







Based on these examples, this study will employ a hierarchical cluster analysis 
heatmap approach to analyze learner behavioral data to identify learner subgroups based 
on their learning trajectories and their usage of the self-regulated learning user interface 
(SRLUI) created in the study.  
Learner persistence and dropout  
The pilot study (Hsu, 2020) informs us that learner persistence has a strong 
correlation with learning outcomes in MOOCs. To advance a more analytical approach 
towards learner dropout, Willet and Singer (1991) propose using survival functions and 
discrete-time hazard models based on longitudinal educational data to analyze learner 
dropout for the following reasons:  
1. Survival functions do not need special software, just standard statistical packages. 
2. Survival functions allow researchers to answer questions such as if a treatment 
reduces the number of dropouts. 
3. Unlike traditional methods, survival functions and discrete-time hazard modeling 
can include more predictors (i.e. time-varying, time-invariant) or interactions 
between predictors in the model.   
4. Each person could be censored at a particular time during the study.  
Bowers (2010) confirms that survival analysis and discrete-time hazard analysis 
(using logistic regression with the person period dataset) are superior in analyzing 
longitudinal data when compared to traditional methods. In his study, Bowers (2010) is 
able to appropriately control time constant and time-varying predictors to investigate the 






that teacher-assigned grades are significant in predicting student dropout in any given 
subgroup (Bowers, 2010a). 
Chen et al. (2020) also utilize survival analysis to explore the effect of scientific 
misconceptions on student persistence in MOOCs. Chen and his colleagues (2020) 
include time-constant variables (i.e. gender, age, education, English skills), time-varying 
predictors (scores in the previous milestone), and interactions between predictors in the 
model to predict student dropout.  
To facilitate this research on learner persistence and dropout, this study will 
utilize survival function to explore the efficacy of SRL interventions in supporting learner 
persistence and reducing dropout rates.  
Research Design  
Prior literature has found that the major drawbacks of MOOC learning 
environments are a low completion rate, lack of personalized feedback, limited 
collaboration and social interaction with peers, and a one-way delivery system of 
information. Initial MOOC research focuses on learner characteristics (such as gender, 
educational level, and prior knowledge) and their influence on learning outcomes (Reich, 
2014; Kizilcec & Halawa, 2015). More recent research explores the influence of internal 
motivational constructs (i.e. motivation, interest, goal orientation) and other 
psychological challenges (i.e. time management and volition control) (Kizilcec et al., 
2015; Terras and Ramsay, 2014) on learning outcomes in MOOCs.  
Previous SRL application studies in MOOCs provide valuable guidelines and 
suggestions in terms of research design and measurement for this proposed study. For 






potentially help show a causal relationship between SRL applications and learning 
outcomes. Davis and his colleagues (2018) also suggest that SRL components be 
designed as compulsory activities, otherwise students would not necessarily participate. 
In addition, SRL interventions should not be one-time events (Jansen et al., 2020; 
Kizilcec et al., 2020), rather they should be treated as skills which need to be facilitated 
and developed over time (Borrella et al., 2019). Schraw (2009) also suggests using 
multiple measurements of learning outcomes, not only to avoid bias but to be able to 
discern inter-relationship.  
Although SRL strategies and their applications have been widely discussed in 
classroom-based literature, there are only a few studies with empirical evidence 
investigating the effects of SRL activities on learning outcomes in a MOOC environment 
(Cobos & Ruiz-Garcia, 2020; Jansen et al., 2020; Kizilcec et al., 2017a). Additionally, 
these prior studies have limitations and challenges in generalizing their findings due to 
(a) low compliance rates, (b) using indirect measures of learner SRL activities, (c) only 
one or a few courses included in the sample data. This study is designed to provide 
empirical evidence with longitudinal SRL intervention design in MOOCs. Unlike past 
studies which only implement partial, one-time SRL interventions, this study will utilize 
an online, continuous SRL support embedded throughout the online learning course. In 
this intervention, learners are prompted to set weekly learning goals, learning tasks, and 
complete self-evaluations based on learning analytics and a visualization dashboard. This 
self-regulated learning user interface is designed as a repetitive, longitudinal intervention 






Building on previous MOOC research, this study explores learner behaviors by 
utilizing cluster analysis and heatmap visualization to investigate potential learning 
patterns and provide an alternative way of visualizing learner data from a granular 
perspective.  
This study addresses the following research questions:  
RQ1: Do learners interact with tools (SRLUI) that are designed to support their  
self-regulated learning strategies? If so, how do learners use SRLUI? 
RQ2: To what extent does the usage of SRLUI have an effect on learner  
persistence?  










III – METHODS OF THE STUDY 
Overview of Chapter 
This chapter will provide a detailed overview of the intervention -- self-regulated 
learning user interface (SRLUI) and the research design. The design of SRLUI engages 
the learners through a multi-step process of SRL. The entire learning journey is presented 
with the design of the features and the theories supporting the design decisions. The next 
several sections will elaborate on the research design, data source, and data analysis. 
Since the data source is from three different data pipelines, edX, edX Insights, and 
SRLUI database, there are extensive explanations of how the raw data are processed in 
preparation for RQ1 (if and how learners use SRLUI) and RQ2 (learner persistence). The 
data analysis section is dedicated to the multilevel regression model utilized in RQ3.  
Self-Regulated Learning User Interface (SRLUI) Design 
The Self-Regulated Learning User Interface (SRLUI) aims to foster SRL strategy 
skills in 8 MOOCs. SRLUI is created as a standalone module entitled "Weekly 
Reflection'' (see Figure 3.1) at the beginning of weekly content. SRLUI is composed of 
three pages: course progress, goal planning, and study tip. The treatment group is 
provided with interactive features in self-evaluation, goal setting, task planning, and 
reminder setting, whereas the control group is provided with non-interactive components. 
SRLUI is designed based on Zimmerman's SRL (2000) model to create opportunities for 
learners to engage in self-regulated activities repeatedly (i.e. self-evaluation, goal 






illustrates the differences in the user interface between the treatment and the control 
group. 
 
Figure 3.1 Weekly Reflection.  
This is an example of how SRLUI appears on the course page.  
 
Course progress page. To facilitate the self-evaluation progress, learners are 
provided with their last week's learning activity regarding the total number of videos 
watched, quiz problems attempted, and discussion forum activities together with learning 
goals set in the prior week. In the treatment group (see Figure 3.2), learners are prompted 
to self-evaluate on a scale from 0%-100% what percentage they completed of their 
planned learning goals. In the control group, learners do not have the option to self-
evaluate. Still, they are provided with learning analytics of the prior week's learning 







Table 3.1  
User Interface Comparison Between the Treatment and Control Group 





last week’s learning analytics last week’s learning 
analytics 
  last week's learning goals NA 
 Self-evaluation * participants are asked to rate the 
completion of their study plan, input 




historical report of learning 
analytics 




goal setting *prompt participants to write down 
up to 4 learning goals for the next 
week 
provide the learning 
topics of the 
upcoming week 
 task planning *prompt participants to write down 




*set email reminders according to 
the task planning schedule 
NA 
Study Tips general SRL 
tip 
provide a general learning tip with 
an illustration 
provide a general 
learning tip with an 
illustration 























Figure 3.3. Course Progress Page for the Control Group 
 
Study planning page. Goal setting is a fundamental step to activate learning 
(Zimmerman, 2000; Pintrich, 2000). To proceed, learners can type down their learning 
goals and hit submit (Figure 3.4). Next, learners are prompted to plan their learning tasks 
and time to study (Figure 3.5). An option to set a reminder allows learners to configure an 
email reminder to nudge themselves to study. In comparison, learners in the control 








Figure 3.4. Study Planning Page for the Treatment Group. 
Learners are prompted to set learning goals for the upcoming week.      
 
Study tip page. For the last part of the Weekly Reflection, both the treatment and 
control groups are provided a study tip as a reminder to exercise SRL strategy skills. This 
section is designed to showcase learners a variety of general SRL tips to help them adapt 
their learnings to be more efficient. For example, a study tip says, “Avoid watching a lot 
of lectures all at once. Break it down into smaller sessions so you don’t overwhelm your 













Figure 3.5. Study Planning Page for the Treatment Group (continued). 
After setting the goals learners in the treatment group are prompted to do task planning 












Figure 3.6 Study Planning Page for the Control Group 
Learners are provided with upcoming learning topics.  
 
                     
Figure 3.7. Study Tips Page 
This page provides general study tips for the learners.  
Reflection and share key takeaways. Another mechanism of the research design 






increase social interaction with the community. Thus, a category of KeyTakeaway on the 
forum is created for such a purpose. Figure 3.8 shows an example of the KeyTakeaway 
for BA1: Analytics in Python course.  
 







 Participants. Participants of this study were learners registered for two 
MicroMasters Program MOOCs, each consisting of four courses from 09/15/2019 - 
12/26/2019. The computer science (CS) MicroMasters program consists of Artificial 
Intelligence (CSMM101), Machine Learning (CSMM102), Robotics(CSMM103), and 
Animation and CGI Motion(CSMM104). The business analytics (BA) MicroMasters 
program includes Business Analytics in Python(BAMM101), Data, Model and Decisions 
in Business Analytics (BAMM102), Demand, and Supply Analytics (BAMM103) and 
Marketing Analytics (BAMM104). Each course was offered for 14 weeks, including 12 
weeks of course and 2 additional weeks for the final exam, except Robotics (CSMM103) 
course was shorter (10 weeks of lecture and 2 weeks for the final exam). The course was 
open enrollment during the course period (12 weeks). The criteria to earn a course 
certificate included: paying a course fee, verifying identification, taking a final proctored 
exam, and achieving a total grade of 60% or above. An initial sample of 1314 verified 
track learners was included in the study. Since the intervention was implemented from 
the 5th week of the courses onward, learners who left the course by week four were 
excluded from the study. That resulted in a total of 808 learners for the final sample. 
Table 3.2 illustrates the breakdown of participants from each course.  
Recruitment. This study was approved by the Teachers College Institutional 
Review Board (IRB) under protocol 20-189 and Columbia Video Network (CVN) at 
Columbia University to access the data for research. No participants were recruited solely 
for the purpose of the study, and the data used as part of the study came from the data 






Table 3.2  
Number of Participants in Eight MOOCs  
 
Course Number of Participants 
 
CSMM101 235 
 CSMM102 150 
 CSMM103 58 
 CSMM104 40 
 BAMM101 180 
 BAMM102 46 
 BAMM103 34 
 
BAMM104 65 
      Total 808 
 
Table 3.3 presents the descriptive statistics of demographic information including 
the total number, mean, standard deviation, minimum, and maximum. Gender 
information is not available for all participants. However, among the participants who 
identified their gender, 46% were male and 11% were female. In terms of education, 
more than 50% of the participants had undergraduate degrees or above and only about 
6% of learners had a high school diploma or under. Learners were randomly assigned 
into either the treatment group or the control group depending on their user identification 
number (ID): an odd number was assigned to the treatment group and an even number 
was assigned to the control group. That resulted in a total of 430 participants in the 






Table 3.3  
Descriptive Data of Demographic Information (n=808) 
Variable N Mean SD Min Max 
Gender 
 male 372 0. 46 0.5 0 1 
 female 94 0.11 0.32 0 1 
 Age 499 33.74 9.66 11 68 
Education 
 high school or under 50 0.06 0.24 0 1 
 undergraduate 224 0.28 0.45 0 1 







8     
       
Data Sources 
This section elaborates on the types of data collected for this study. There are 
three main data sources: (1) learning outcome data, (2) learning behavioral data, and (3) 
demographics. All the data were collected while learners participated in the courses and 
the data was exported using edX and edX Insights.  
edX is a MOOC learning platform and it also archives learners’ learning outcome 
data from quizzes, assignments and final exams.  
edX Insights is a website providing course analytics to the course teams to 
improve course performance. For example, it records learner behavioral data such as how 






posts they are made. In addition, edX Insights also reports learner background 
information on age, gender and education level.  
Learning outcome data.  Learning outcome data consisted of quizzes, 
assignments and final exams.  
Learning behavior Data. Learning behavior data consisted of all the interactions 
that the learners engaged with the course, specifically the learning tasks. The learning 
tasks include watching lecture videos, participating in the graded assessments and the 
discussion forum. Each activity is also collected on a daily basis through edX Insights 
and learners grade data through edX Instructor page. The following list is the metrics of 
learner behaviors data included in the RQ1: the number of video views, the number of 
problems attempted, quiz attempted, project attempted, average quiz grade, average 
project grade and final exam grade.  
Demographics. Participants’ demographic data including the age, education level 
was collected through edX Insights. Figure 3.9 is an example of learning behavior log 
data collected on a daily basis in edX Insights and Figure 3.10 is a visualization based on 















Figure 3.9. Example of Log Data from edX Insights 
This is the log data from edX Insights recording a participant’s log data in BAMM101 




Figure 3.10. Learning Daily Activity from edX Insights 
edX Insights provides a chart based on a participant’s log data from Figure 3.9. The X 
axis represents the date, and each mark is on a 7 day interval. The Y axis indicates the 
number of the corresponding activities. Orange line indicates the numbers of videos 
viewed and blue line indicates the problem answered correctly.  
 
SRLUI usage.  To store and retrieve learners’ interactions with SRLUI, an 
HTTPs server was built using Node.js in a MongoDB database. The SRLUI server also 






forum, edstem’s API. Additionally, customized and secured APIs were developed to 
present the following learning behaviors in the course planning page: self-evaluation of 
learning goals, goal settings, posting and viewing counts of discussion forum activity, 
video watching and problem attempts and notifications of task reminders.  
To answer RQ1: “How do learners use SRLUI?” I created a series of measures to 
account for the frequency and the amount of text entry in SRLUI Activity (Table 3.3). 
 
Table 3.4  
SRLUI Activity Data and Measure Description  
Variables Description Coding or List of Possible Data Entry 
useSRLUI If a subject use SRLUI features 
(goal, tasks, reminders, self-
evaluation) at least once, it is 
considered use SRLUI. 
Yes=1, No=0 
goals count The total number of goals 
learners enter on goal setting 
Possible Responses (2 goal counts): 




The average goal word count is 
devised based on the total goals 
word counts divided by the 
number of goals 
Example:  
Goal: Watch Week 1 Video, Finish 
week 1 quiz  
 
There are in total of 8 words, 2 goals, 
the goals avg wordcount is 8/2 = 4 
tasks count The total number of tasks enter in 
tasks planning 
Possible Responses (3 task counts): 
project wk2, review videos week 3, 
finish assignment 4 
tasks avg 
wordcount 
The average task word count is 
devised based on the total task 
word counts divided by the 
number of tasks 
Example:  
project wk2, review videos week 3, 
finish assignment 4 
 
There are in total of 9 words, 3 tasks, 






Table 3.4  SRLUI Activity Data and Measure Description (Continued) 




The total number of self-
evaluation entry 
Possible Responses (2 self-evaluation 
counts): 
Based on your progress this week, 
how would you rate the completion of 
your study plan? (Answer can range 
from 0 - 100%) 
reminders 
count 
The total number of reminder 
emails learners schedule to send 
out based on time planned for the 
tasks 
Possible Responses (1 reminder 
count): 
[X ]10 mins prior  
[   ] 1 hr prior  
[   ] 2 hrs prior 
Other course-related info  
Create time Date and time of each user action Example: 
11/6/19 6:41:15 
Course ID Course ID Example: 
CSMM101 
userID a unique numeric number 
associated with each learner 
Example: 
10646139 
Note: a learner could enroll in more than one course. Thus, a subject in the sample is 
composed of an unique userID with a unique courseID. For example, if learner ID, 
10646139, enrolled in 2 courses, it is considered two unique subjects in the dataset.  
SRLUI Usage Patterns 
To further explore RQ1.2 on “How learners use SRLUI?”, random learners are 
selected to demonstrate variability in how learners use SRLUI. In order to choose 
learners to represent the diversity of the populations in the sample MOOCs, hierarchical 






subclusters of learning behaviors. Based on the findings of the cluster analysis, a learner 
is selected from each cluster to provide descriptive analysis on their usage of SRLUI.  
To facilitate the HCA analysis, a set of metrics including learning behaviors, 
participations of the graded assessments, and the formative assessment grades are 
generated from the log files. These included the number of video views, number of 
problems attempted, project attempt, quiz attempt, average quiz grade, average project 
grade and final exam grade.  
The HCA analysis in this study is structured based on Bowers (2010) and Hawn 
(2019) suggestions and the key steps include: 1. All data are standardized through z-
scoring to prevent overweighting in the subsequent similarity matrix; 2. Euclidean 
measure is utilized to calculate the distance between each pair of observations; 3. The 
linkage between the groups of subjects is established with Ward’s method; 4. Learners 
are clustered in rows and the behavioral data in columns. Each cell is represented by 
colored blocks of the heatmap to showcase the full range of the individual variation; 5. 
Annotations, binary color-coded vertical bars, are utilized to elaborate learner 
information (i.e. dropout, use of SRLUI, certificate and grades).  
In short, to select example learners to demonstrate their usage of SRLUI, an 
agglomerative clustering with Ward’s minimum variance method (Murtagh & Legendre, 
2014) is employed through an iterative process to group the most similar observations 
and groups of observations. HCA and the heatmap are generated using R version 3.5.1 in 
Rstudio 1.3.1093. The heatmap visualization uses the ComplexHeatmap package in R 







Learner Persistence with Survival Analysis 
To answer RQ2 on how SRLUI has an impact on learner persistence, a 
nonparametric estimator of the survival function (Kaplan & Meier, 1958) is utilized to 
estimate and graph survival probabilities as a function of time (Min et al., 2011). Survival 
analysis has been long studied in the medical field (Cox, 1972; Kaplan & Meier, 1958) 
and Willet and Singer (1991) advocated how such an approach could be used to 
investigate educational measures such as teacher attrition and student dropout rate.  
 Survival analysis, by definition, is the probability of when and whether an event 
occurs during an observed period of time (Willet and Singer, 1991). A censored survival 
time means that an event does not occur during the study time (Emmert-Streib & 
Dehmer, 2019). According to Emert-Streib & Dehmer (2019), there are three types of 
censoring: Type I censoring indicates all subjects begin and end the study at the same 
time; Type II censoring means all subjects begin the study at the same time, but the study 
ends when a predetermined condition meets; Type III censoring suggest that participants 
start the study at different times, but the length of the study is fixed. The survival analysis 
adopted in this research belonged to type III censoring because learners could join the 
course anytime during the 12 weeks and the course ended by the 14th week for all 
learners.  
To address the 2nd research question: to what extent does SRLUI have an effect 
on learner persistence, this study applies Kaplan-Meier survival analysis to compare 
learner persistence between the treatment versus the control group. In this analysis, the 
event of interest is learner persistence and learner dropout. Specifically, learner 






activity to the last day of learning activity (within the course beginning and end dates). 
Any activities beyond the course end date are not included in the analysis. In other words, 
this survival analysis is both right- and left-censored. The longest survival days are up to 
98 days (14 weeks) and the dropout occurs if a learner leaves the course before the final 
exam week starts (the 13th week). Learner dropout is decided whether a subject stays 
active until the final exam week. 
Figure 3.11 shows an example of how dropout and survival days are calculated.  
For example, learner A joins the course from the middle of week 4 until week 7. Since 
learner A leaves the course before the final exam starts, learner A is considered a dropout 
(coded as 1) and the survival days are 17 days. Learner B accesses the course before 
week 1, yet the total survival days are computed from the start date of the course. Given 
that learner B leaves the course in week 13, the participant’s survival days are 91 days, 
and is coded 0, no dropout. Learner C starts the course from week 7 and remains active 
after the course has archived. Learner C’s survival days are calculated from week 7 until 
the course is archived (week 14); thus the survival days is 49 and is coded 0, no dropout. 
Learner D starts from week 2 and leaves the course at week 10. Learner D survives for a 
total of 56 days, and is coded 1 for dropout. Rstudio and the survival and survminer 
packages were used in the model (R Core Team, 2020; Therneau, 2020; Kassambara, 








Figure 3.11. Examples of Learner Data for Survival Days and Dropout 
 
Data Analysis 
Hierarchical Linear Model. To explore RQ3 on how SRLUI has an effect on 
learning outcome, a random intercept two-level hierarchical linear model (HLM) is used 
to appropriately estimate the independent effects of the student variables including 
learner age, gender, educational level and usage of SRLUI. This approach is appropriate 
because the clustering of students by class violates common assumptions of 
independence of residuals in linear regression models (Bowers & Urick, 2011; Hox, 
Moerbeek & Schoot, 2017; Raudenbush and Bryk, 2002). The multilevel regression 
model assumes a hierarchical data structure with subjects who are nested within pre-
existing groups; for example, dependent variables or response variables are situated in the 
student-level, whereas explanatory variables at all existing levels (Hox, Moerbeek & 






inefficient to answer questions with explanation variables across different levels 
(McCoach & Adelson, 2010). Ignoring these clustering effects or nonindependence could 
result in issues such as incorrectly reducing the standard error, falsely increasing the 
confidence in estimated parameters, or outcomes; thus increasing type I error (O’Connell 
and McCoach, 2008). HLM is a well-established method to allow researchers to model 
multiple levels of a hierarchy and examine relationships and interactions among variables 
across multiple levels (McCoach & Adelson, 2010).  
For example, Bowers and Urick (2011) employed a two-level HLM model, 
nesting students within schools, to estimate the direct effects of facility maintenance and 
disrepair on longitudinal high schooler mathematical achievement with a large 
nationwide dataset. Additionally, Kizilcec et al. (2020) also utilized the multilevel 
modeling approach in MOOC research.  
Considering the sample data was clustered in 8 MOOCs; thus, HLM was applied 
to examine the independent effect of SRLUI on learning outcome data from 8 MOOCs.  
The HLM equation can be expressed in Equation 1 :  
 Level 1:  𝑌𝑖𝑗 = 𝜋0𝑗  + 𝜋1𝑗𝑆𝑅𝐿𝑈𝐼𝑖𝑗  +  𝜔𝑋𝑖𝑗 . . . + 𝜀𝑖𝑗       Equation (1) 
 Level 2: 𝜋0𝑗 = 𝛾00 +  𝑢0𝑗 
 Level 2: 𝜋1𝑗 = 𝛾10 +  𝑢1𝑗                                                  
Where: 
𝑌𝑖𝑗  = Dependent outcome variable for student  i in course j, here learner grade 
            𝜔  = Vector of fixed effects of the student level covariates 
           𝑋𝑖𝑗= Vector of student level covariates 






𝛾10  =  The slope of the effect of SRLUI across courses 
             𝜀𝑖𝑗 = Level 1 residuals  
  𝑢0𝑗 = Level 2 residuals for the intercept 
  𝑢1𝑗 = Level 2 residuals for the slope 
To answer research question 3, the magnitude, direction and precision of 𝛾10will 
be examined. If the estimate is positive and statistically significant, then it demonstrates a 
positive effect of SRLUI on learning outcome.  
The student-level variables include learner characteristics and the treatment 
variable, useSRLUI, to indicate if a learner is in a treatment group. Dummy-coded 
measures were created to account for indicators: gender (male=1, female=0), educational 
level indicator, postgraduate(yes=1, no=0). Learners in the treatment group are labeled 
SRLUI treatment (yes=1, no=0). Given that learners can choose to interact with SRLUI 
or not, a variable “useSRLUI'' (yes=1, no=0) is devised to indicate learners in the 
treatment group who use SRLUI. This allows subsequent analysis on intent to treat (ITT) 
and treatment on the treated (TOT) HLM modeling2. The learning outcome is based on a 
scale 0-100, referred to summative grades of learning assessments including quizzes, 
projects and a final exam. No class-level variables are included in the HLM modeling. 
For all HLM models, lme4 R packages and R studio are used for the statistical analysis 
(Bates, Mächler, Bolker and Walker, 2015).   
 
2 In a randomized experiment, to account for subject dropping out or not interacting with the artifact of the 
study, the HLM analysis examines the results of intent to treat (ITT), indicating subjects who are in the 
treatment group; versus treatment on the treated (TOT), meaning subjects who actually interact with 






IV –  RESULTS OF THE STUDY  
RQ1.1: Do learners interact with tools (SRLUI) that are designed to support their 
self-regulated learning strategies?  
A previous MOOC study reports that learner participation in SRL tools in 
MOOCs was low, with about 10% to 30% of students interacting with SRL tools at least 
one time (Davis et al., 2018; Jansen et al., 2020). To address the concern that learners 
might not access or take advantage of the SRL tools in MOOC environments, this 
research question aims to explore the extensive variety of learning behaviors interacting 
with SRLUI in eight MOOCs.  
According to Table 4.1, 342 people (78%) out of 430 learners in the treatment 
group engage with SRLUI at least one time--here defined as having engaged with at least 
one of the following features of SRLUI: self-evaluation of plan completion, setting 
weekly goals, planning learning tasks, or setting a self-reminder. Specifically, goal-
setting (n=241) and sliders (n=335) are the most heavily used compared to task planning 
(n=73) and reminders (n=73).  
Our finding suggests that MOOC learner participation in our SRL tools (78%) is 












Table 4.1  
Descriptive Data of Treatment Group (n=430) Interaction with SRLUI 
SRLUI Activity N Mean SD Min Max 
 useSRLUI 342 0.78 0.41 0 1 
 goals count    241 7.44 7.54 1 41 
 goals avg wordcount 241 4.59      2.71 1 37 
 tasks count  73 6.64      7.72 1 45 
  tasks avg wordcount 73 2.75      1.23          1            5.25 
  self-evaluation count 335 1.35      0.85 1 8 
 reminders count 73 6.01      7.14 0 42 
 Number of courses    8     
RQ1.2: How do learners use SRLUI? 
In order to understand how learners interact with SRLUI, this section provides a 
descriptive analysis of learner profiles by exploring their learning behaviors and usage of 
SRLUI. In order to select samples from the treatment group to represent the diversity of 
learner profiles, a hierarchical cluster analysis (HCA) and heatmap are applied to 
investigate any potential subgroups or shared patterns of clickstream or behavioral data 
(Bowers, 2010b).  
The variables included in the cluster analysis are number of video views, problem 
attempt, quiz attempt, average quiz grade, average project grade, as well as final exam 
grade. Based on the principles for the creation of a clustergram (Bowers, 2010b; Jorion et 
al., 2020), all the variables are z-scored, and illustrated as a single color block. The color 
gradient for the color blocks in the heatmap ranges from a more intense, “colder”, blue 






intense, “hotter”, red for learning activities +2 standard deviations above the mean, with 
missing data represented in white.  
Figure 4.1 shows the result of the HCA analysis. The annotations on the right side 
of the heatmap are labeled of learners’ association with learning outcomes and usage of 
SRLUI. The annotations are not used in the heatmap to cluster learners. “Grade” 
represents the total grade and it uses a 10 scale gradient level from 0-1 to represent 0-100 
points. For example, Level 0 is white, representing grade 0-9 points, and level 1 is black, 
indicating 90-100 points. “Dropout” uses dark color to represent a learner dropout. 
“useSRLUI” applies dark color to indicate a learner used SRLUI. “Cert” uses dark color 
to indicate a learner earned a certificate (with grades >= 60).  
Sub-clusters features. Figure 4.2 displays the trends of four sub-clusters based 
on their learning behaviors from the hierarchical cluster analysis. On average, groups A 
and C have passing grades, whereas groups B and D have non-passing grades. In a closer 
inspection, Group A and C both have above average levels of participation in the graded 
assessments; however, group C has a higher number of video views and problem attempts 
in comparison to group A. On the other hand, group B has below-average learning 
activities, while group D shows the lowest participation of all the learning activities. In 
terms of the grade, group A (mean=78.7) and C (mean=75), both have, on average, 
passing grades. In contrast, group B, on average, scores 20, and group D is close to 0 






      
Figure 4.1. Hierarchical Cluster Analysis of Learner Log Data (n=808) 
Hierarchical cluster analysis is based on learning behaviors (i.e number of video 
viewing and problems attempted) and participation of graded assessments. 
Hierarchical clusters are represented by a cluster tree (left) to indicate the clusters. 
Each learner is aligned along the horizontal axis, with learning behaviors aligned along 
the vertical axis. Learning behaviors are z-scored; higher number indicated by an 
increasing intensity of red, lower number indicated by an increasing intensity of blue, 
the mean indicated by grey (center). The solid black lines through the heatmaps 
indicates the division line between four major clusters in the full dataset.  
 
The annotations on the right side of the heatmap use black bars to represent 
dichotomous categorical variables: certification, useSRLUI, and dropout. Grade uses 
0-1 with a 10-level gradient to showcase the total grade (from 0-100). “Drop_out'' uses 
dark color to represent a learner dropout. “useSRLUI'' applies dark color to indicate a 
learner used SRLUI. “Cert” uses dark color to indicate a learner earned a certificate 
(with grades >= 60). 
 
Four vertical colored bars between the cluster tree and the heatmap (left) denote four 
clusters (A, B, C, and D) based on the HCA analysis. Further explanation of the 







       
Figure 4.2. Z-scores of Four Clusters 
This figure illustrates the means of learning behaviors (z-scored) trends of four sub-
clusters based on the hierarchical cluster analysis.  
 
Prior literature suggested that MOOCs attract learners from diverse backgrounds 
with various motivations, demographics, prior knowledge, and learning goals (Deboer et 
al., 2013; Gardner & Brooks, 2018). In the following section, a randomly selected learner 
from each cluster would be used as examples to showcase the diversity of learner profiles 
on how they use SRLUI and their learning trajectories in the sample dataset.  
 Example learner from cluster a. Alex (pseudonym) is a sample learner from 
cluster A who starts CSMM101: Artificial Intelligence course from week 1 and persists 
until the last week 14, for a total of 98 days with no dropout. Learners in cluster A on 
average, have passing grades and higher than average participation in the course and 
attempts in the graded assessments. Alex, specifically, achieves 42 points for the total 






throughout the course. Figure 4.3 shows Alex uses the goal planning and reminders 
features heavily, but only participates in self-evaluation once. Table 4.2 details the goals 
planning and it covers active learning (i.e. watching videos, reading handouts, and doing 
assignments), reaching out to peers (i.e. participating in the forum) and strategic goals 
(i.e. asking for a vacation day from the employer, and completing easy questions as 
strategies to complete the course). In short, Alex shows consistent interaction with 
SRLUI in goal setting and reminders throughout the course.  
    
Figure 4.3. Alex’s behaviors analytics and interaction with SRLUI 
The x axis is the date of the log data and y axis represents the total number of learning 
activities. The orange line indicates the number of video views and the light blue is the 
number of problems answered correctly. Interaction with SRLUI is indicated with four 
colored blocks, and each color represents a specific SRLUI feature. Goal planning is 
illustrated with red, self-reflection is blue, task planning is purple and reminders are 
green. The position of the blocks also correspond with the createtime of the log entry. 
 
Alex has an active participation in the course videos and problems; and multiple 
interactions with goals and reminders. Learner A interacted only once with self-reflection, 











Table 4.2  
Alex’s Log Data with SRLUI on Goals Setting 
Week Goals 
4 Get to know the various applications of the AI; First steps in the programming 
language Python ; 
4 Get information on how to get an executable Python environment installed; 
Familiarization with Python syntax, data and program structures; Collect 
learning materials for programmers switching to Python 
6 Make up for unprocessed lessons from previous weeks; In order to have the 
necessary time to participate in the discussion forums, apply for a vacation 
day at the employer; Watch all videos of the week attentively 
8 read suggested readings; Refresh Knowledge in Probability and Statistics; 
Compare Handout with textbooks in my native language German 
10 A discussion contribution to the topic of course participation as a foreign 
language speaker; To find out about proctored exams or regular exam.; 
Adding missing points that the following lessons are no longer locked. 
11 watch videos; Quiz answer based on the handouts 
11 Re-view old books on formal logic.; Answer the simple quiz questions and 
guess the others. 
12 Get informed about the Protected Exam; Course content catching up 
12 Answer and submit open quiz questions from previous lessons; Preparation 
and information about the protected exam 
 
Example learner from cluster b. Bianca (pseudonym) is a sample learner from 
cluster B. Cluster B learners, on average, a total score of 20 out of 100, and has below-
average learning activities and the graded assessments. Bianca enrolls in CS101 Artificial 
Intelligence course, starts from week 1 and persists for a total of 65 days. Bianca drops 
out at week 10, achieving a total grade of 11 points. Figure 4.4 illustrates Bianca’s overall 
learning behavior and interactions with SRLUI. Bianca participates most frequently with 
goal setting but less frequently with task planning and reminder features. Table 4.3 






longer than expected”. In week 7 goals, it shows that Bianca adjusts her study plan by 
allocating “more time aside for assignments''. One of SRLUI design principles is to 
support learners with the ability to evaluate and reflect their learning process to make 
necessary adjustments to achieve their learning goals (Zimmerman, 1998).  
It seems that Bianca identifies more time as needed for study; however, she left 
the course around week 10. The prior MOOC literature suggests that dropout could be 
resulting from the content being hard, other life events taking priority over, or losing 
interest (Kizilcec & Halawa, 2015). Furthermore, dropping out from MOOC has much 
lower risk and consequences compared to traditional residential programs in accredited 
institutions (Gardners & Brooks, 2018). That could also explain the potential cause for 
the dropout behavior here.  
  
Figure 4.4. Bianca’s Behaviors Analytics and Interaction with SRLUI 
The x axis is the date of the log data and y axis represents the total number of log 
entries. The orange line indicates the number of video views and the light blue is the 
number of problems answered correctly. Interaction with SRLUI is indicated with four 
colored blocks, and each color represents a specific SRLUI feature. Goal planning is 
illustrated with red, self-reflection is blue, task planning is purple and reminders are 
green. The position of the blocks also corresponds with the create time of the log entry.  
Bianca has consistent and active participation in the videos and problems; and interacts 







Table 4.3  
Bianca’s Log Data with SRLUI on Goals and Tasks Planning 
Week Goals Tasks 
4 Do the prerequisite readings; Review 
algorithms and notes; Solidify 
understanding 
Review previous videos, watch 
new ones; Coding Assignment 
Attempt Part 2 
4 Catch up on Week 3 Modules; Make 
association between algorithms and coding 
Review previous videos, watch 
new ones; Coding Assignment 
Attempt Part 2 
4 Use Columbus day to catch up on some 
modules 
Review previous videos, watch 
new ones; Coding Assignment 
Attempt Part 2 
4 Try and Complete the first Programming 
Assignment in the next 1-2 weeks; Catch up 
to Week 5 by EOW; Find out why my code 
is currently breaking in first coding 
assignment. 
Review previous videos, watch 
new ones; Coding Assignment 
Attempt Part 2 
6 Week 1 through 4 Review; Week 5 videos 
done by Thursday; Week 6 Videos Start 
Friday 
Week 1 through 4 Review; 
Week 5 Videos Pt. 2; Week 6 
Start 
7 Watch Week 6 Videos and do the quiz; 
More time aside for assignments. 
Assignments taking longer than expected 
 
9 Review Week 1-6; Start Chapter 7 and 8; 




Example learner from cluster c. Cecil (pseudonym) is a sample data from 
cluster C. Cluster C is the most active group of learners in the course in terms of video 
watching and participation in the graded assessments. Cluster C learners also have a 
passing score averagely.  
According to Figure 4.5, Cecil enrolls in BAMM104 marketing analytics course 






dropout. Cecil scores a total of 76 points which is slightly higher than the average of 
Cluster C (mean=75). Figure 4.5 shows Cecil’s log data with consistent participation for 
video watching and attempts in problems. Cecil also interacts with SRLUI heavily in 
goals, tasks, and reminder features. Table 4.4 lists Cecil’s weekly goals and tasks based 
on the SRLUI log data. Figure 4.6 presents the reminder feature which allows users to 
schedule emails sent out in advance to remind oneself time to study. Figure 4.7 is an 
example of the reminder email sent to Cecil. In addition, Cecil uses self-evaluation once.   
 
Figure 4.5. Cecil’s Behaviors Analytics and Integration with SRLUI 
The x axis is the date of the log data and y axis represents the total number of log 
entries. The orange line indicates the number of video views and the light blue is the 
number of problems answered correctly. Interaction with SRLUI is indicated with four 
colored blocks, and each color represents a specific SRLUI feature. Goal planning is 
illustrated with red, self-reflection is blue, task planning is purple and reminders are 
green. The position of the blocks also corresponds with the create time of the log entry.  
 
Cecil has a continuous participation in the course videos and problems; and multiple 
interactions with the SRLUI on goals, task planning and reminders. She only uses once 










Table 4.4  
Cecil Log Data with SRLUI on Goal and Tasks Planning 
Week Goals Tasks 
4 Watch Week 3 and 4 Videos; Complete week 3 quiz; 
Complete week 2 project 
 
5 watch all videos; complete week 3 programming 
assignment; 
Study 
7 watch week 5 videos Study; Study 
8 Watch week 6 videos; work on project 2 Study 
8 Watch week 7 videos; Complete week 7 quiz; Start week 8 
videos 
Study 
9 Watch week 8; complete week 8 quiz; start project 2 Study; Study; 
Study 




11 Watch all week 10, 11 videos; complete week 10 and 11 





11 Watch week 11 and 12 lectures; complete week 11 and 12 

















Figure 4.6. Study Planning Page Part 2 
After setting learning goals, learners would be prompted to do tasks planning. By 
putting down the learning tasks and the time to study, learners would receive reminder 












Figure 4.7. Email Reminder Example 
This is an example email Cecil schedules repeatedly to send as a reminder for the study 
plan. The first line explains that in 10 minutes, the study should be starting. And the 
task was “study”.  
 
Example learner from cluster d. Daarun (pseudonym) is an example learner 
from cluster D. Cluster D is, on average, the least active group of learners across all 
learning activities and their total grade is close to zero. Daarun enrolls in the BAMM102 
Data Model and Decision course from week 3 and stays until week 6, then drops out. 
Daarun’s total score is 14 and his survival days are 21. Daarun interacts with SRLUI 
twice on goal setting and once on self-reflection.  
In table 4.5, it shows that Daaron set his goal to study two week a time initially, 
and it seems that Daaron realizes the content requires more time to study and he alters his 
goal to study half week content maximum. Unfortunately, Daaron doesn’t continue with 






Interestingly, according to the course record, Daaron is also enrolled in 
BAMM101: Analytics in Python course at the same time. He starts BAMM101 from 
week 1 and completes projects and quizzes within 3 weeks and earns up to 76 grades. 
Daaron leaves the BAMM101 course in week 3. Since SRLUI rolls at week 5 so all 
learners who leave the course prior to week 4 are not included in the sample data. 
Therefore, Daaron’s enrollment in BAMM101 is not included in this study. Still, from his 
learning activities in BAMM101, it seems that Daaron is a person who has a higher level 
of understanding of the course content prior to enrollment, so he is able to complete the 
quizzes and projects in 3 weeks and earn a passing grade. His ability to complete a course 
within 3 weeks can be inferred that he has a certain level of autonomy and self-regulated 
learning that he can execute and complete a course within a short period of time.  
Using these two course performances and learning activities, Darron is an 
example to illustrate that grades and drop-out could be a poor proxy to indicate whether a 
learner is at risk in MOOC environments because researchers and educators could only 
collect partial information of learners from a MOOC. In other words, it is insufficient to 
judge a learners’ competency based on a MOOC learning performance. It also points out 
this study’s limitation for not including entire learners’ trace data due to the 
implementation of SRLUI takes place on the 5th week. More discussions on the research 









Figure 4.8. Daarun’s Behaviors Analytics and Integration with SRLUI. 
The x axis is the date of the log data and y axis represents the total number of log 
entries. The orange line indicates the number of video views and the light blue is the 
number of problems answered correctly. Interaction with SRLUI is indicated with four 
colored blocks, and each color represents a specific SRLUI feature. Goal planning is 
illustrated with red, self-reflection is blue, task planning is purple and reminders are 
green. The position of the blocks also corresponds with the createtime of the log entry.  
 
Daarun is active in the course for 3 weeks, and he uses the self-reflection twice and the 
goal setting twice.  
 
Table 4.5  
Daarun Log Data with SRLUI on Goal Setting 
Week                             Goals 
W3 Finish week 1 to 2 
W4 Taking a holiday, 1/2 a week content max 
 
 
RQ2: To what extent does the usage of SRLUI have an effect on learner persistence?  
A prior MOOC study (Hsu, 2020) of 31 credential-seeking MOOC students 






second research question investigates to what extent the usage of SRLUI may affect 
learner persistence by using survival analysis.  
Since learners in the treatment group could choose to use or not to use SRLUI, an 
intent to treat (ITT) and treatment on the treated (TOT) effects are computed based on a 
variable useSRLUI: 1 for learners who used SRLUI at least once, 0 for did not use 
SRLUI at all. Similar issues also occur in medical research, economic or policy research 
while participants can self-select or decide to interact with the treatment which causes 
issues for researchers to make inferences for the average causal effect (ACE) (Geneletti 
& Dawid, 2007).  
Survival functions for dropout are estimated and plotted for the control and the 
treatment groups in Figure 4.9. The survival function indicates that the control group has 
statistically significant higher survival rates than the treatment group (p<0.05) and over 
50% of learners in both groups do not drop out. Specifically, the control group only has 
30% of dropout rates compared to the treatment group (40%).  
Figure 4.10 provides further evidence that the probability of the dropout of the 
control group and the treatment on the treated (TOT) are very similar to each other, and 
there is no significant difference between them (p>0.05). These results (Figure 4.8 and 
Figure 4.9) suggest that there are no observed effects of the usage of SRLUI on learner 
dropout rate. Overall, both the control and the treatment on the treatment (TOT) and the 
intent to treat (ITT) have demonstrated higher learning persistence (60%-70%) compared 









Figure 4.9. Survival Days of the Control and the Treatment Group. 
The estimated survival function shows a graduate decline of survival rate. Overall, the 
control group (n=378) has a statistically significant higher survival rate than the treatment 
(n=430) (p<0.05). More than 50% of learners did not drop out for both groups. And the 










Figure 4.10. Survival Days of the Control and the ToT Group.  
Survival function of the control group versus the treatment on the treated (TOT). There is 
no statistical significant difference between the two groups and the median survival time 
is greater than the observation window, meaning over 50% learners did not drop out.   
 
RQ3: To what extent does the usage of SRLUI have an effect on learning outcomes? 
The purpose of the 3rd research question is to investigate if SRLUI has any effect 
on learner’s grades. To appropriately account for the nested nature of students within 
classes, a two-level hierarchical linear model (HLM) is utilized to model the SRLUI 
effect on learning outcomes.  
Statistical Analysis 
Descriptions of samples and variables coding. To assess the relationship of the 






of the variables was analyzed. The measures include learner’s demographic data such as 
age, gender and educational levels in the subsequent models as independent variables. 
Since not all the learners in the treatment group interacted with SRLUI, useSRLUI 
variable is computed to signify intent to treat (ITT) and treatment on the treated (TOT) 
effects in a sequence HLM models. There are a total of 448 learners from 8 classes 
included in the RQ3 dataset.  
Assumption testing. The initial inspection of the dependent variable, student 
grade, shows bimodal distribution with zero-inflation (n=108). Also, fitting an 
exploratory linear model to the bimodal outcome results in clear violation of normality 
and linearity of the residuals. As a result, the sample dataset is divided into two 
subgroups: a passing group (Grade>=60) and non-passing group (Grade<60) to proceed 
with the HLM analysis.  
Effect size across eight courses. Figure 4.11 shows the effect sizes and the 95% 
confidence intervals of lower bound and upper bound of learning outcomes across eight 
courses. The effect size indicates the difference and the directions of treatment groups 
versus the control group. Since all the effect sizes are between -0.3 to 1, the differences 










Figure 4.11. Effect Size, Low and High Bound of CI. 
On the right hand side is a visual plot of learning outcomes across eight courses  
 
Table 4.6 illustrates the HLM model result for the passing group. The intraclass 
correlation (ICC) in table 4.6 (the passing group) is 0.05, indicating that 5% of the 
variance in the grades is at the class level; while 95% of the variance in the grades is at 
the student level for the passing group. Table 4.6 shows, on average, the intent to treat 
(ITT) estimate of 2.5 points higher than the control group (p<0.01, effect size=.26) in the 
learning outcome; whereas the treatment on the treated (TOT) is 3.16 points higher 
(p<0.01) than the control group. Because the effect size is greater than .25, it could be 
considered substantively meaningful (What Works clearinghouse, 2011).  
In contrast, similar results are not found in the non-passing group (See Table 4.7). 
Table 4.7 indicates there is no significant difference between the treatment group 
compared to the control group (p>0.05, effect size = -.18). Moreover, the trend indicates 
that learners receiving the treatment perform less than those in the control group. The 






was at the class level and 95% of the variance in the grades was at the student level. The 
absolute value of effect size estimating the impact of SRLUI treatment is lower than .25, 
therefore, it should not be considered as substantively meaningful (What Works 
clearinghouse, 2011).  
 
Table 4.6  
Results of Passing Group (>=60) Hierarchical Linear Model 
  
    ITT TOT      
Student (n=247) Coeff. SE Coeff.   SE  p value ITT effect 
size 
      Intercept 75.89*** 2.75 75.58*** 2.70     
  SRLUI treatment 2.49** 1.2    3.16** 1.19 0.008 0.25  
  Male  0.02 1.31 0.48 1.31 0.72 0.001  
  Age 0.11 0.08 0.1 0.07 0.19 0.01  
  Post_grad 0.64 1.39 0.72 1.4 0.60 0.07  
Variance at     
Course Level-2               4.45 4     
Student Level-1 83.89 82.65     
ICC 0.05 0.05     













Table 4.7  
Results of Non-Passing Group (<60) Multilevel Hierarchy Model 
    IOT TOT       
Student (n=252) Coeff. SE Coeff. SE  p value ITT 
effect 
  size 
       Intercept 2.43***    0.27 2.32*** 0.26 <0.001    
  SRLUI treatment -0.18 0.12 0.11 0.12 0.13 -0.18   
  Male 0.11 0.14 0.09 0.14 0.48 0.1   
  Age -0.002 0.01 -0.002 0.06 0.74 -0.002   
  Post_grad -0.15 0.14 -0.18 0.14 0.28 -0.15   
Variance at    
Course Level-2 0.07 0.06     
Student Level-1 0.9 0.9     
ICC 0.08 0.07     
Note. ***:p<.001;**:p<.01;*:p<.05 
 
Due to the 0-inflation issue, the non-passing group fails the assumption testing even after 
transforming it using the log function. However, after refitting the model with robust 
bootstrap, the standard error is consistent with the fitted model, thus I report the results of 











V – DISCUSSION 
Overview of Chapter 
The purpose of this study was to create and implement a personalized self-
regulated learning user interface (SRLUI) and assess its effects on learning persistence 
and learning outcomes in MOOCs environments. MOOCs were created to provide quality 
higher education to the world (Pheatt, 2017), but so far, only learners who excel in self-
regulated activities have been successful in MOOC environments (Kizilcec & Halawa, 
2015; Perez-Sanagustin et al., 2020). Despite the growing evidence that SRL abilities are 
a significant contributor to learning success in MOOCs, there have been four major 
challenges with developing and evaluating educational interventions meant to foster SRL 
skills in MOOC environments. First, to be cost-effective, historical SRL interventions 
used pre-course surveys as prompts to nudge learners towards implementing self-
regulated learning strategies (Kizilcec et al., 2017a; Yeomans & Reich, 2017). However, 
these one-time-only, short-term SRL interventions showed limited or no results when 
reproduced at a larger scale (Kizilcec et al., 2020). The second challenge has arisen from 
the questionable validity of SRL measurements in prior SRL application studies. 
Historically, researchers have used self-reported surveys or learners’ trace data to infer 
learners’ SRL activities (Joksimovic et al., 2018). Relying on self-reported SRL activities 
has been criticized for being biased and inaccurate (Azevedo, 2014; Greene & Azevedo, 






making inferences based on learner's trace data3, which yielded unique yet subjective 
metrics (Jansen et al., 2020; Kizilcec et al., 2017b; Min & Jingyan, 2017). For example, 
the act of revisiting an assessment could be labeled as goal setting, strategic planning, or 
self-evaluation if one uses Kizilcec et al.’s (2017b) framework. Jansen et al., (2020) also 
questioned whether these indicators can be interpreted as SRL processes based purely on 
SRL theories. Overall, the metrics used in prior studies were indirect measures of 
learners’ SRL activities based on surveys and trace data (Jansen et al., 2020; Kizilcec et 
al., 2017b; Min & Jingyan, 2017). The third major challenge in implementing SRL 
interventions has been that researchers often find many students do not end up using the 
interventions. Add to this the already high dropout rates that have always plagued 
MOOCs, and it becomes hard for researchers to collect data and assess the efficacy of the 
artifacts (Davis et al., 2018; Jansen et al., 2020). The last challenge hindering studies on 
SRL interventions is the strict nature of MOOC data privacy which limits researchers’ 
access to student data, particularly in credential-based MOOCs (Almeda et al., 2018).  
SRLUI Design Rationale  
The SRLUI was created in order to help students better regulate their coursework 
and improve their learning outcomes. SRLUI demonstrates an opportunity for course 
designers to create and implement a personalized user interface on a MOOC platform 
(see SRLUI architect in Appendix A). Unlike interventions used in other studies, this 
design is able to support and collect learner’s SRL activity data directly, making for a 
 
3 Trace data is a learner’s log data on the learning management system. The log data includes but not 






more valid and accurate representation of a learner’s SRL skills. This section will 
introduce the SRLUI design rationales from the implementation of SRLUI.  
Built upon the framework of Zimmerman’s (2000) self-regulated learning (SRL) 
theory, SRLUI was designed to support SRL behaviors through a longitudinal 
intervention provided throughout the course with a randomized experimental design. The 
design rationale of SRLUI accounts for the full cyclical process of Zimmerman’s (2000) 
SRL model from forethought, performance, and self-reflection phases. Each week, 
learners were provided with recursive SRL support along with a dashboard that featured 
information on the past learning behaviors, a self-evaluation activity, a section for setting 
goals and planning tasks, as well as a section for reminders and learning tips. The email 
reminder function in SRLUI was created based on the findings of the Nudge to the Finish 
Line (2NFL) project, which successfully reduced at-risk students’ attrition and increased 
completion rate by assisting students through an SMS messaging app (Mabel, Castleman 
& Bettinger, 2017). Thus, a nudging feature was included in the design of our SRL tool, 
allowing learners to schedule emails to be sent out reminding them of their planned 
learning tasks.  
Findings 
This section will discuss the four main findings of this study based on quantitative 
analysis: (1) the overall compliance rates of the SRL intervention is 80%, exceeding 
historical records; (2) no relationship was found between SRLUI and learners’ 
persistence (3) a subgroup of learners was found to benefit from using SRLUI to achieve 
higher grades; (4) the quantitative tools used in this paper demonstrate rigorous and 






Improved compliance rates. Evaluating students’ uptake of SRLUI is a 
reasonable way to assess the potential impact of a SRL application. Following the design 
principles suggested by Zimmerman’s (2000) SRL model, SRLUI was embedded within 
eight MOOCs and used a content-specific and longitudinal intervention. In this study, the 
compliance rates accounted for the students who used SRLUI in the treatment group. Past 
literature (Davis et al., 2018; Jansen et al., 2020) suggested that the compliance rates of 
SRL tools was low (10%-30%). However, in this study, 80% of learners (n=430)  
provided with SRLUI intervention accessed the tools at least once. A follow-up 
investigation explored how learners used SRLUI to support their learning. Based on the 
descriptive data of sample learners, learners used SRLUI to (a) review and catch up with 
the learning schedule; (b) study content and work on assignments; (c) seek help in the 
discussion forum; (d) set motivational goals; (e) setup strategies for completing the 
course (i.e. completing easier assignments before the deadline).  
Limited effects on learning persistence. Learning persistence has been reported 
to be a strong predictor to learning performance (Hus, 2020). To explore learner dropout, 
a Kaplin-Meier’s survival function was used to calculate learner persistence based on 
their active days during the course period. The findings suggested there was no evidence 
that SRLUI improved learners’ persistence. These results contradicted my expectations 
based on previous research (Hsu, 2020). I had hypothesized that learners with access to 
SRL tools would be less likely to drop out, but the data showed no relationship between 
access to SRL tools and dropout rates. To interpret the findings, other factors were 
explored based on the literature review to identify what may affect learner persistence. In 






However, past studies indicated that learner characteristics in conjunction with the 
learning context (e.g. formative feedback from the quizzes and projects along the course) 
may have influenced learner persistence (Chen et al., 2020; Greens et al., 2015). Prior 
studies also suggested that it was important to consider time-independent (e.g. learners’ 
gender, age, educational level) and time-dependent factors (e.g. formative assessment 
feedback) on learner’s academic performance and persistence (Bowers, 2010a; Chen et 
al., 2020; Willett & Singer, 1991). Specifically, students were more likely to complete the 
course if they already had an interest in the subject matter or had prior knowledge related 
to the course. (Chen et al., 2020; Coffrin et al., 2014).   
For future studies, a more complex matrix that can control for other confounding 
factors is needed to better understand the efficacy of SRL interventions on student 
persistence (Murnane & Willett, 2010).  
Unequal learning effects of SRLUI. Given that the learner’s grades had a drastic 
bimodal distribution, the sample dataset had to be split into two groups, as required by 
the statistical model. One group were learners with a total grades of 60 or above, and the 
others were those who scored below 60. Using a hierarchical linear model, the results 
indicated that learners who achieved passing scores performed 2.5 points higher on 
average if they had access to SRLUI. In contrast, learners in the non-passing group 
showed no evidence of improved results even with access to SRLUI.  
Turning to the data for further Insights in figure 4.1, learners’ behavioral patterns 
were categorized into four subgroups of learners. Among them, the learner groups with 
passing grades (i.e. group A and group C) had higher participation rates across the 






grades (i.e. group B and group D). It can be inferred that SRLUI may have unequally 
benefited subgroups of learners. In other words, SRLUI only helps improve grades for a 
subgroup of learners who are already active within the course. For future SRL 
interventions, it is suggested that the artifacts could provide more scaffolding to the 
learners at risk. For example, students who have lower SRL ability, less prior knowledge, 
or lower self-efficacy might need more direct assistance or training on how to use the 
intervention to support self-regulated learning (Lee et al., 2008).  
Issues and Limitations 
It is important to be conservative when interpreting the results of this study 
because of the following challenges. The first issue was the decision to exclude learners 
who left the course before week four since SRLUI was implemented from the fourth 
week until the end of the course. It was reasonable to exclude learners who could not be 
included in the study; however, that also created a certain level of bias in the sample 
population. Those first two weeks of classes were still a course-shopping period for 
MOOC learners (Ferguson & Clow, 2015), so excluding learners who left the course 
before week four automatically excluded early dropouts. That could be the reason why 
there were no significant findings that SRLUI could reduce the dropout rates. On the 
other hand, for design purposes, it also makes sense to only include subjects who have 
access to the intervention. In short, the study sample excluded early dropouts due to 
SRLUI being released in the middle of the course, which could create a bias in the 
sample population. Ideally, SRLUI would have been implemented from the first day of 






The second challenge is that more data is needed to create a more robust method 
to measure the efficacy of SRLUI. As noted in the literature review in Chapter II, there 
were significant correlations between learner characteristics (e.g. learners’ motivation 
and prior knowledge) and learning outcomes (e.g. learner persistence and grades) 
(Gardner & Brooks, 2018). However, these data were not collected in this study and the 
analysis couldn’t account for these factors and their influence on learner persistence and 
grades exclusively. Therefore, more robust methods should be used to measure the 
effectiveness of SRL interventions, especially observational or quasi-experimental 
studies.  
In this study, SRLUI was designed to support learners from a longitudinal 
perspective, based on the hypothesis that learning occurred progressively from the first 
day of the course until the end of the 12th week. However, learners in MOOCs might 
have different learning goals and trajectories. For example, learners who enrolled late 
might not find SRLUI useful because they tend to focus on participating in the graded 
assessments while skipping the lecture videos. In addition, there were other SRL tools 
available, such as planner apps or note-taking software which were not being tracked or 
considered in this study but may have been used by learners. Thus, not using SRLUI did 
not necessarily mean that learners were not engaging in SRL activities.   
Another issue occurred during the data processing phase. In the dataset, the 
distribution of the learners’ grades was bimodal. Specifically, there was a floor effect at 
zero on the grading scale. I decided to use grade 60 as a threshold to split learners into 
two groups for the following reasons: (a) the subgroups met the hypothesis testing; (b) 






Implications for Future Design and Research  
This study provides some insights for researchers and practitioners in terms of 
SRL intervention design, quantitative tools to analyze MOOC data, and recommendations 
for future research.  
First, to better understand how an SRL artifact manifests SRL behaviors, it would 
be helpful to include granular data such as a learner’s clickstream as a way to triangulate 
that learner’s behaviors. Expanding the scope of analysis in this way could deepen the 
accuracy of the artifacts measuring SRL behaviors.  
Secondly, SRLUI is designed based on the cyclical phase of Zimmerman’s self-
regulated learning model (2000) and considers each stage equally important. However, 
SRLUI did not specifically prompt learners to evaluate and revise their next phase 
learning goals. Instead, it simply presented the goals from the previous week as a 
reference. From a metacognitive perspective, the evaluation stage should be facilitated 
with self-reflection, which could lead to improved and better calibrated planning.  
Future research could also continue to explore how to effectively support SRL 
activities in different subgroups. In particular, it would be helpful to consider if 
scaffolding or training is needed for learners who have low prior knowledge or who have 
lower self-efficacy. In addition, researchers could also consider using the quantitative 
research methods utilized in this study for other MOOC studies to see if the findings in 
this study hold true in other contexts, like in self-paced MOOCs. Specifically, future 
research could attempt to apply survival analysis with complex methods to confirm, add 






This dissertation primarily employed quantitative methods to analyze average 
treatment effects. However, there are many other data collected from learners’ 
interactions with SRLUI, such as learners’ engagement with goal setting and task 
planning, which can be analyzed either quantitatively or qualitatively. I aim to deploy a 
wider array of analyses, such as text analysis and social dynamic analysis, to examine the 
data of both verified track and audit track learners. In my future work, I also aim to 
continue updating SRLUI and employ the interface in future MOOCs to collect more data 
and gain additional insights. This paper demonstrates for researchers and instructional 
designers how to construct personalized, self-regulated learning tools on the edX learning 
management system. More research shall continue in this avenue to bring more insights 
into how to support the diverse populations in MOOCs.  
Conclusion 
Previous literature provides strong theoretical evidence for the affordance of self-
regulated learning strategies on achieving educational goals. (Green et al., 2010; 
Newman, 2002; Puustinen and Pulkkinen, 2001; Zimerman, 2000). However, there is still 
scarce empirical evidence of effective SRL support and appropriate assessments of SRL 
activities in MOOCs (Jansen et al., 2020). Specifically, prior SRL applications in 
MOOCs include only one or a couple MOOCs in their studies (Joksimovic et al., 2018). 
Prior SRL experimental studies employ short-term, one-time only, pre-course surveys 
with an aim to create cost-effective interventions (Kizilcec & Cohen 2017; Kizilcec et al., 
2017a; Yeomans & Reich, 2017); however, these studies do not produce statistically 
significant results when replicated with larger sample sizes (Kizilcec et al., 2020). 






which cannot provide strong or clear evidence of cognitive or affective engagement, and 
therefore it is not representative of a learner’s SRL behavior (Joksimovic et al., 2018; 
Winne, 2019).  
This study contributes to MOOC literature by designing a personalized, content-
related self-regulated learning user interface (SRLUI) with a randomized experimental 
design. SRLUI is integrated into the course, featuring a longitudinal, repeated support of 
the full cycle of SRL phases (i.e. goal setting, task planning, self-reflection, and 
evaluation) based on Zimmerman’s SRL (2000) model. The sample courses include eight 
credential-based MOOCs. In terms of measurement, this study collected direct SRL 
behaviors data based on the SRLUI database to provide insights on learners’ SRL 
strategies.  
In addition, this study also contributes to MOOC literature by demonstrating that 
the majority of users with access to SRLUI used it at least once, and that a subset of users 
performed better when using SRLUI. However, there was no evidence found that access 
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Appendix A: SRLUI Architecture 
The following section will explain the architecture of SRLUI. edX utilized XBlocks 
(Figure 1), a component architecture based on Python, HTML, JavaScript and CSS, to 
build its learning activities such as videos and quizzes. This feature allows course 
designers to implement a customized interface using XBlocks and programming logic 
(such as the SRLUI) through edX’s RAW HTML input elements (see Figure 2).   
Figure 1: XBlock in edX platform  
 
 
Figure 2: Raw HTML option in XBlock 
 
 
 SRLUI structure can be divided into the front-end and back-end. The front-end, 






which monitors learners’ interactions with SRLUI as well as learning activities such as 
video watching and quiz submissions. (2) a display function is designed to show three 
pages of information, which include (a) a course progress page (b) study planning page 
and (c) study tips page. The back-end hosts learners’ log data of interactions with SRLUI 
and updates the front-end by using customized and secured APIs.  
In the following section, I will describe the front-end and back-end in more detail with 
illustrations.  
Front-end 
Tracking functions Javascript is coded as an XBlock on edX to detect and record 
learners’ video watching activity and quiz attempts. edX log data was not used because it 
has a 24-hour interval and uses different logic. For example, SRLUI counts a video 
watching event with a minimum of viewing time of 30 seconds (not including pause or 
stop actions), whereas  edX only requires 5 seconds.   
Display functions SRLUI builds customized XBlocks with HTML, JavaScript and CSS 
scripts to display its user interface on edX. Meanwhile, an HTML file was coded to 
assign learners to either treatment or control group environments. Specifically, a learner 
with an even ID number is assigned to a control group while a learner with an odd 
number ID was assigned to an treatment group. SRLUI also uses the following libraries 
and widgets to enhance its interface:  
1. CanvasJS.chart utilized to display the line graph on the progress page. 
2. Mailgun: provides a customized domain from which to send reminder emails.  
3. Agenda: helps manage the schedule for sending out reminder emails.   







To store and retrieve learners’ interactions with SRLUI, an HTTPs server was built using 
Node.js in a MongoDB database. The SRLUI server also tracks and stores learners’ 
participation in the discussion forum by using edstem’s API. Additionally, customized 
and secured APIs are developed to allow the following tasks and present the following 
information:  
1. Self-evaluation of learning goals  
2. Goal settings  
3. Posting and viewing counts of discussion forum activity  
4. Video watching and problem attempts  
5. Notifications of task reminders  
 
 
